disease, stroke, gallbladder disease, osteoarthritis, sleep apnea and respiratory problems, and endometrial, breast, prostate, and colon cancers, combining to form the single largest cause of death in developed countries (NHLBI, 1998) . While molecular biology has yielded significant advancements in understanding weight regulation at the metabolic and physiological levels, an alarmingly low number of cases of obesity in humans can be attributed to mutations within genes exerting effects in well-characterized, energy-balance pathways (Chagnon et al. 2003) .
Carcass and body composition traits also constitute extremely important considerations of modern livestock production systems where consumer health concerns and marketing perspectives play increasingly prominent roles (Lasater and Kingsbery 1987; Smith 1991) . The problem of excess fat in livestock and poultry carcasses is ubiquitous and has serious consequences for the animal industry at four levels: health perceptions of consumers; wasteful production of an undesired biological component; labor costs of trimming waste fat; and lower biological efficiencies of fatter animals (Eisen 1989) .
Understanding the complex genetic architecture underlying quantitative trait variation for growth and body weight in mice has recently been advanced by use of crosses of large sample sizes, with an emphasis on localizing and defining the nature of QTL for these traits (e.g., Vaughn et al. 1999 ; Rocha et al. 2004a) . While many QTL studies have focused on body fat as a biomedically and agriculturally relevant trait (e.g., reviewed by Pomp 1997; Brockmann and Bevova 2002), fewer investigations have evaluated components of body weight with a more global approach encompassing body fatness as well as organ weights and estimates of lean mass.
We created and evaluated a large sample from an F 2 cross between lines of mice that had undergone long-term selection for rapid growth rate and low body weight to identify QTL for a variety of complex traits, including body weight and growth (Rocha et al. 2004a) . In the present study we report on components of growth including weights of many organs and indicators of body fatness and leanness in males of the F 2 .
Materials and methods
Relevant information pertaining to the parental high growth (M16i) and low body weight (L6) selection lines, development of the F 2 intercross population, and marker genotyping have been presented in a companion paper (Rocha et al. 2004a ). Only methods relevant to the specific organ and body composition trait phenotypes evaluated and their statistical data analysis will be described here.
Phenotypes. Ten-week-old males (n = 552) from the F 2 cross described in Rocha et al. (2004a) were weighed (WT10wk) and euthanized by cervical dislocation. Heart (HRT), liver (LIV), spleen (SPL), right kidney (KID), right testis (TES), right hindlimb subcutaneous fat pad (SCF), and right epididymal fat pad (EPF) were immediately excised and wet weights recorded. All organs were returned to the body cavity except for the spleen, which was used for subsequent DNA extraction. Gastrointestinal contents were flushed with tap water, blotted, and wet body weight (w) was recorded. The carcass was then lyophilized to a constant weight (d), and percentage water (PWAT), a proxy for leanness of the organism, was calculated as 100 · (w À d)/w. Two additional traits analyzed were FAT, the sum of SCF and EPF, and SCF/EPF, their ratio. Least squares means for related traits for the grandparental M16i and L6 lines were, respectively, 57.9 vs. 18.4 g for WT10wk, 7.92 vs. 6.00% for LIV, 0.23 vs. 0.39% for TES, and 0.80 vs. 0.67% for EPF, with weights of organs expressed as percentages of WT10wk.
Data analyses. Descriptive statistics and phenotypic correlations for organ and adipose traits are presented in Tables 1 and 2 . Appropriate statistical models were identified for each trait by fitting generalized linear models (PROC GLM; SAS Institute Inc. 1985 , including fixed effects of replicate/ parity, full-sib family/litter, and respective interactions, if significant. Residuals were analyzed with QTL Cartographer (Version 1.15; Basten et al. 2001) to perform composite interval mapping (CIM; Zeng 1993 Zeng , 1994 . With the exception of SCF/EPF, logarithmic transformation was employed prior to composite interval mapping to correct patterns of heteroscedasticity. Day of tissue harvest was a significant source of phenotypic variation and was included in the statistical models as a nested term within replicate. Interestingly, animals born in litters from the second parity of F 1 dams tended to exhibit heavier organs but were leaner, an effect that was particularly noticeable for the subcutaneous fat pad (data not shown).
QTL analyses were also performed with three sets of covariate adjustments: 1) WT10wk; 2) FAT; and 3) both WT10wk and FAT. The purpose of these adjustments was to attempt to identify alternate sets of QTL involved in different pathways responsible for the fluctuating patterns of phenotypic and genetic correlations observed among the various traits. In the body weight-adjusted models, relationships of organ and fat weights with WT10wk were always linear and positive (as also evident from phenotypic correlations). Estimates of regression coefficients for WT10wk were negative for PWAT and SCF/EPF. The former was expected, since heavier animals are fatter and PWAT is a proxy for leanness. The latter result may indicate that increased body weight leads to higher rate of deposition of epididymal versus subcutaneous fat. For the FAT-adjusted models, quadratic terms were used in some cases owing to minor deviations from linearity. The sign of the regression coefficient for FAT changed from positive to negative when WT10wk was also used as a covariate, indicating that at a constant body weight, fatter animals tended to have smaller organ weights.
The threshold adopted in the forward-backward stepwise regression factor-selection procedures for CIM was 0.001 for statistical models not including adjustment for WT10wk, and 0.01 when such adjustments were included. A 10-cM window size was 
Results
A summary of all identified QTL and related QTL detected by other studies in the same genomic regions are presented in Table 3 . To avoid duplication, results from models including adjustment for WT10wk (designated as HRT%, KID%, etc.; Table 3 ) are presented only when they identified QTL not detected from the unadjusted models. Models including adjustment for FAT identified QTL results similar to those found when not including such adjustments, so they will not be considered further.
Results for the composite trait FAT (sum of SCF and EPF) simply reproduced QTL that were detected for the sub-components (subcutaneous and epididymal fat pads), so they will not be reported. Furthermore, no QTL were detected for SCF/EPF, or for WT10wk once this trait was adjusted for all organ weights. A total of 50 significant QTL were detected, and each was assigned a locus symbol following MGD guidelines (Table 3) . QTL (n) were detected for HRT (3), TES (3), LIV (10), KID (7), SPL (9), SCF (4), EPF (5), and PWAT (1). Additional QTL (n) were detected when traits were adjusted for WT10wk, including HRT% (1), KID% (2), SCF% (1),and EPF% (4). For unadjusted traits, the vast majority of QTL exhibited additive gene action with the M16i allele1 increasing organ and fat pad weights. For traits adjusted for WT10wk, M16i alleles had both positive and negative additive effects depending upon the locus (see Table 3 ). Tables 4 and 5 summarize QTL information across traits, while Table 2 presents the QTL-congruencies [QTL common to two traits (overlapping confidence intervals) as a proportion of the total number of QTL detected for the two traits] in relation to the respective phenotypic correlations. Large QTL-congruencies among heart, liver, kidney, and spleen weights are particularly evident, in agreement with phenotypic correlations. Liver weight appears to be controlled by a genetic architecture that is most aligned with body weight, while the reverse is true for testis weight, where no QTL congruencies were found with any other trait.
QTL for most organ and all fat pad weights display a prevalence for additive gene action. Testis and spleen weights, as might be expected given their Relative to QTL for SCF and EPF, no unique results for FAT were found, and it was not considered in the QTL congruency results. No QTL for SCF/EPF were identified. Fig. 1 . QTL peaks for fat traits appear to match the peak representing the more distal QTL for WT10wk (Rocha et al. 2004a ). This potentially pleiotropic locus likely reflects patterns of fat deposition with increasing maturity and the strong correlation between weight and fat in mice.
Fitting of alternative statistical models, with or without covariate adjustments, provides in some cases indirect evidence for existence of multiple linked QTL for the same trait. One such example for the case of potentially two QTL for SPL detected on MMU1 is illustrated in Fig. 2 . This plot could represent a statistical artifact from the fitting of simple QTL models. However, the fact that adjustment for body weight differentially impacts the two putative and linked QTL lends some support to the possibility that these are in fact two distinct yet linked QTL, one impacting SPL independent of body weight. Formal tests comparing two QTL models relative to single QTL models will be employed in the future across this entire data set. Figures 3 and 4 schematically summarize the genomic bases of components of 10-week body weight. Only rarely were QTL detected for organ and fat traits that did not overlap with the confidence intervals of QTL that had previously been detected for aggregate growth traits (Rocha et al. 2004a ). The unique relevance of Chr 2 in the context of this cross is further demonstrated.
Discussion
Obesity exacts an immense economic and social toll, accounting for $7% of US health expenditures and leading to potential bias and discrimination in employment, education, and health care (NHLBI 1998). It is an exceptionally complex disorder, with relatively equal contributions of multifactorial genetic susceptibility and interacting environmental factors (Pomp 1997 ). Predisposition to obesity results from combinations of relatively small effects of genetic variations within a large number of polygenes (QTL; Brockmann and Bevova 2002) of yet unidentified function.
The present results, in combination with a concurrent analysis of growth and body weight (Rocha et al. 2004a ), have added new information to the predisposition map for mouse body weight regulation, and have further partitioned body weight QTL in terms of adipose tissue and weights of various organs. The vast majority of growth QTL, impacting different age periods, can be interpreted in terms of fat and organ subcomponents measured. Muscle, bone, gut, skin, and various small organs were not measured in this experiment. Many studies (Belknap et al. 1992 unknown underlying subcomponents. Additionally, only a few QTL (and primarily those with small effects) detected for organ subcomponents in this study did not overlap with confidence intervals of QTL that were detected for the aggregate growth traits (Rocha et al. 2004a ).
Our results strongly re-emphasize the observation of Mehrabian et al. (1998) regarding commonality of genomic regions impacting obesity traits across many different genetic backgrounds. The QTL for fatness we report on Chr 2, 7, 15, and 17 appear to be obesity genomic hot-spots, although caution is required when assuming that the underlying genes in each region are identical in each genetic background.
Large effects of QTL impacting aggregate growth of the organism, growth of most organs, and especially fatness are present on mouse Chr 2. In regard to obesity predisposition, distal Chr 2 appears to be one of the most relevant regions of the mouse genome. Not only is this region well populated with multiple body weight and fatness QTL as determined from crosses employing different approaches and genetic backgrounds (Lembertas et al. 1997; Pomp 1997; Mehrabian et al. 1998; Schadt et al. 2003a ), the QTL harbored in this region in the M16 selection line appear to have among the largest effects of any body weight regulating polygenes ever localized. Since distal MMU2 and HSA20 (from p13 through q13) form continuous stretches of synteny between the two species, identification of the genes underlying obesity QTL in this region of the mouse represents an excellent opportunity for comparative mapping and application of murine models to studies of human health. The importance of this is amplified by the findings from several groups that the homologous region of HSA20 harbors genes influencing predisposition to obesity and diabetes in humans (see Chagnon et al. 2003) .
Efforts to identify and characterize the M16-based distal MMU2 weight and fat QTL are under way (Jerez-Timaure et al. 2002; Pomp et al. 2002) . Our detailed studies in this region using M16i and an M16i.B6-(D2Mit306-D2Mit52) congenic line (referred to as MB2) strongly indicate the presence of multiple linked QTL with effects on weight and fatness (Jerez-Timaure and Pomp, unpublished). Efforts at positional cloning are further complicated by the fact that this region of the mouse genome is known to contain many genes involved in regulation of energy balance. For these reasons, success in this endeavor will likely require experimental approaches that combine functional analyses with the resolving power of recombination.
A new paradigm for bridging the gap between our knowledge of the physiology and predisposition of obesity is to combine QTL mapping with large-scale gene expression analysis. maize. Transcriptome mapping is a powerful mechanism to dissect complex traits and make more efficient the selection of candidate genes underlying predisposition loci, with recent successful implementation in yeast (Brem et al. 2002) , Drosophila (Wayne and McIntyre 2002) , and mice (Schadt et al. 2003a (Schadt et al. , 2003b .
By identifying expression QTL that coincided with a QTL peak for, and had correlations with, subcutaneous fat mass, Schadt et al. (2003a) proposed the NM_025575 and NM_15731 genes as primary candidates for the distal MMU2 QTL for dietary-induced obesity described by Lembertas et al. (1977) . These candidate genes also possibly overlap with the obesity QTL we identified in this region.
Important distinctions exist between the results from Schadt et al. (2003a) and those from the present experiment. Distinctly different genetic models were used. Obesity in the M16 line does not require high levels of dietary fat. Indeed, no interactions between dietary fat consumption and effects of MMU2 QTL on body fat levels were found when comparing the M16i selection line and MB2. This lack of interaction is noteworthy given that the donor line for MB2 is C57, which is one of the strains used in the Schadt et al. (2003a) study, and which is among the strains most responsive to dietaryinduced obesity (West et al. 1992 with the QTL peak for the Epfq2 locus, representing the more distal of the two obesity QTL found in our study and the one with significantly smaller effects. However, preliminary data from our subsequent fine-mapping efforts with MB2 indicate that the best supported position for Epfq2 may be at $159 MB (Jerez-Timaure and Pomp, unpublished).
QTL for specific organ weights that support findings from independent studies are those for testis weight on the proximal region of MMU13, spleen weight on MMU1 (more proximal of the two detected), and kidney weight on MMU11. In this respect, MMU11 is second in importance to MMU2 in regard to effects on components of body weight in the context of this cross. Surprisingly, the only QTL detected for percentage water in the carcass did not match any of the QTL detected for fat traits, which may reflect the different nature of the two phenotypes. PWAT exhibits much less variability than SCF or EPF and is impacted not only by fat content but also by protein and mineral content. Nevertheless, results from other studies provide some support for the existence of a QTL for PWAT on MMU1, through both an impact on fat content Liver and testis are those organs whose weights have the largest and the smallest numbers of QTL, respectively. Liver weight is the most aligned with growth of the overall organism, while testis weight is the least aligned with overall growth. Strong QTL congruencies exist among liver, heart, kidney, and spleen weights, in agreement with phenotypic correlations and paralleling results reported by other studies that have undertaken detailed organ subcomponent analyses (Kramer et al. 1998; Brockmann et al. 2000 ; Leamy et al. 2002) . The latter two studies, which included comprehensive QTL analyses for organ and fat subcomponents, corroborate many of our present findings. Such agreement is not surprising, especially in regard to Leamy et al. (2002) and Pomp (1997) , who analyzed data from a cross that also utilized the M16i selection line.
An interesting finding from this study concerns how different covariate adjustments may in some cases provide strong evidence supporting the existence of multiple linked QTL. Average additive QTL effects and average variance QTL effects for body composition traits are relatively larger than those reported for the aggregate growth traits (Rocha et al. 2004a ). This may represent differences in genetic architecture of the traits, but more likely reflects the smaller sample size in the body composition analysis, which will tend to lead to estimates having an upward bias (Beavis 1998; Melchinger et al. 1998; Utz et al. 2000) .
Directional dominance is not expected to play much of a role for the organ and fat traits studied at 10 weeks of age, as heterosis observed for corresponding traits in livestock species is usually minimal. Estimates of dominance effects match that expectation, with small average values reflecting predominantly additive gene action. Testis and spleen weights provide exceptions. This would perhaps be expected for testis weight, given the classical relevance of dominance and heterosis for reproductive (fitness) traits. Regarding spleen weight, the high average dominance values may be related to the involvement of this organ in disease-resistance mechanisms, which are traits for which dominance and heterosis are generally important.
Comparisons of the total amount of variance accounted for by all QTL, when fitted together, and the sum of the individual fractions of variance explained by individual QTL provide limited evidence about the relevance of epistatic interactions on phenotypic expression of these traits (i.e., with no epistasis, the two values should coincide). On the basis of this approach, organ and fat subcomponents of body weight appear to be traits for which epistasis is especially not important. However, validation of this finding requires more thorough statistical approaches (i.e., fitting of multiple QTL models).
While molecular biology has yielded advancements in understanding weight regulation at the metabolic and physiological levels [see reviews by Bray and Tartaglia (2000) and Barsh and Schwartz (2002) ], the genetic architecture of obesity remains essentially undefined. And while QTL maps for obesity-related traits are well represented in both mice (Brockmann and Bevova 2002) and humans (Chagnon et al 2003) , only a few isolated cases of obesity in humans can be attributed to mutations within genes exerting effects in well-characterized, energy-balance pathways (Chagnon et al. 2003 ). This gap between our knowledge of physiological mechanisms underlying obesity and the nature of genetic predisposition to obesity greatly impairs the ability to identify relevant QTL, which in turn limits development of gene-based tools for diagnosing, treating, and eventually preventing obesity and related diseases. Our future objective is to use the M16 obesity model to integrate genetics and physiology and resolve the macro level of phenotypic expression in terms of successive subcomponent layers (e.g., de Vienne et al. 1994; Flint and Mott 2001; Schadt et al. 2003a Schadt et al. , 2003b to the level of integrated and interacting pathways of biochemical networks. When this approach is anchored with a sound understand-ing of the corresponding genomic organization responsible for the operation of physiological systems, resolution at the level of single genes or integrated sets of interacting genes may become more readily attainable.
